ABSTRACT The cognitive behavior of online user groups on information promotes the dissemination of information. The trajectories of information dissemination in social networks can be described by treelike cascades, and the distribution of the sizes of these cascades can capture the distribution of popularity of a social network. Numerous studies have shown that the cascade size distribution follows fat-tail distributions, including power-law distribution and bimodal distribution; however, the underlying characteristic of this highly skewed distribution lacks quantitative experimental analysis. Based on the stochastic epidemic-like information dissemination model, namely, the susceptible view forward removed model, this paper explores the impact of the content attractiveness and influence, and information source on the cascade size distribution through computational experiments. On the one hand, we find that when the mean value of the information influence and attractiveness is small, the cascade sizes follow a power-law distribution, and the larger the variance, the heavier the tail. On the other hand, the more random the distribution of information sources in social networks, the smaller the slope of the power-law cascade size distribution. Our findings quantitatively reveal the causality of power-law cascade size distribution from computational experiments, clarify the role of information attractiveness, influence, and sources on the distribution of popularity in social networks.
I. INTRODUCTION
With the rapid development of the Internet and information technology, Facebook, Twitter, Sina Weibo, WeChat and other online social networking services (SNS) are booming. These platforms not only facilitate the rapid dissemination of information, opinions, and behaviors, but also provide rich data, such as information diffusion trajectories [1] - [8] . These diffusion trajectories represent the will of common people connected by social networks. Lots of work have been done on the information dissemination by the scientists in the view of group cognitive computation [9] - [12] . The spreading trajectory of each information can be described by a treelike cascade. Its root (node) represents the user who creates the information and its links represent the information transmitting paths between users.
Cascade size refers to the number of nodes contained in the cascade tree. The cascade size distribution is a key feature of a social network, characterizing the distribution of the popularity or prevalence of information disseminated in social networks [4] . A large number of studies based on empirical data show that cascade sizes follow power-law distributions, although there are differences in the corresponding power exponents for different social networks, different datasets and different information content [13] .
Cascade size distribution and its underlying diffusion patterns are widely discussed based on different social platforms including blog [14] , Twitter [13] , [15] - [18] , Flickr [19] , [20] , Digg [21] , LinkedIn [22] , Weibo [23] , WeChat [4] , [24] , and so on. In addition, plenty of researches have attempted to reveal the reasons for the cascade size [4] . Susceptible, View, Forward, and Removed are four states of a user at each time step in the SVFR model. A link is a transition from one state to another. λ and θ are transition probability. A user in state Susceptible has a probability λ to transform to state View and a probability 1 − λ to transform to Removed ; a user in state View has a probability θ to transform to state Forward and a probability 1 − θ to transform to Removed ; a user in state Forward will transform to state Removed in the next step.
distribution by modeling and simulating the information dissemination process. Leskovec et al. have reproduced the power-law cascade size distribution in blog using a cascading generative model [14] . Watts uses the Threshold model to analyze the cascade size distribution in random graphs theoretically, and finds two patterns of the cascade size distribution, namely power-law and bimodal. He attributed this difference to the strength of the network's connectivity; when cascade propagation is limited by the connectivity is more likely to generate the power-law cascade size distribution, while highly connectivity tends to a bimodal cascade size distribution [25] . Due to the similarity of disease spreading and information dissemination, epidemic models, such as the susceptible-infected-susceptible (SIS) and susceptible-infected-recovered (SIR) model, are widely used for the study of information cascading features [26] - [29] . Liu and Zhang [30] introduced a link rewriting strategy in the form of Fermi function to the SIR model for information dissemination simulation and found that the initial steps play an important role in the dissemination process. Geol et al. [16] reproduced the power-law cascade size distribution in Twitter and explained the relationship between the cascade size and the average path length by using the strict SIR model. Our previous work proposed the stochastic Susceptible View Forward Removed (SVFR) model to depict the dynamic user behaviors during information dissemination, and the SVFR model could explain the power-law cascade size distribution in WeChat when the user's attention is assumed to be limited [4] . Meanwhile, we found that the cascade sizes present a bimodal distribution when information is widely disseminated. However, the underlying characteristics of this highly skewed distribution lack quantitative experimental analysis, and there are few detailed descriptions of its characteristics.
Based on the stochastic epidemic-like information dissemination model, namely the SVRF (Susceptible View Forward Removed) model, this paper examines the impact of the content attractiveness and influence and information sources, on the cascade size distribution through computational experiments. On the one hand, the attractiveness and influence of information content are key factors affecting the dissemination of information. Attractiveness refers to the willingness (probability) for users of clicking and viewing (rather than ignoring) the information after receiving the information. Influence refers to the user's willingness (probability) to forward the information after viewing it. The attractiveness and influence are two parameters of the SVFR model, which reflect the cognitive behavior of online user groups on information in social networks. This paper uses beta distribution to simulate the distribution characteristics of information attractiveness and influence, and carries out a large number of computational experiments. On the other hand, each user can express his or her opinions in the social platform and publish it in short text, so each user can become an influential source of information. The heterogeneity of users leads to the diversity of information sources. This paper proposes a strategy to generate the diverse information sources in social networks. The probability that a user becomes an information source is determined by the number of powers of the user's neighbors. Furthermore, this paper studies the effect of information sources on the cascade size distribution through a large number of computational experiments.
The structure of this paper is organized as follows: Section 2 is the method for the process of information dissemination. Section 3 experimentally analyzes and discusses the impact of attractiveness and influence and information source on the cascade size distribution. Section 4 summaries our paper and points out our future work.
II. METHOD
To depict the process of information dissemination in social networks, the heterogeneous stochastic epidemic-like SVFR model [4] is applied in this paper. In the SVFR model, each user can be in four states, including Susceptible (S), View (V), Forward (F), and Removed (R). The states transition diagram of the SVFR model can be described as Fig.1 , and the dissemination processes of a piece of information can be described by the SVFR model as follows:
(i) At the step t = 0, a node is selected as the seed (information source) of the iteration and set in state F, while other nodes are set in state S.
(ii) At any step t, each node in state S has a probability λ to view the information and the node's state become V at The horizontal axis in each subgraph is cascade size of the 10 4 cascades and the vertical axis is the frequency of each cascade size among the 10 4 cascades. The black dotted line is the cut-off which divides a bimodal distribution into a power-law part and a peak in the tail. The power-law part is fitted as the red dotted line and the slope is given in each subgraph.
step t + 1 if it has a neighbor in state F. Moreover, each node in state V has a probability θ to forward the information and become state F at step t + 1. Each node in state S has a probability 1 − λ to ignore the information and each node in state V has a probability 1 − θ not to forward the information.
(iii) Each node in state F will transform to state R at next time step. Continue recursively with step (ii) and (iii) until the nodes in state V or F do not exist any more.
In this process, all viewing relationships and forwarding relationships will be recorded. Starting from the information source, an information cascade can be constructed according to the relationships.
According to [31] , many real social networks show scale-free features. The degree distribution P(d) of the scale-free network follows a power-law distribution P(d) ∼ d −φ where d is the degree of a node and φ is a scaling exponent. In this paper, a scale-free network is generated as the underlying social network of information dissemination. Utilizing the configuration model [32] , [33] , a scale-free network is generated with node size N = 10000. Usually the scaling exponent φ is in the range from 2 to 3 [34] . An intermediate value φ = 2.5 is applied to the scaling exponent of the degree distribution in the generated scale-free network. The minimum degree [16] of the network is set as d min = 10.
A. ATTRACTIVENESS AND INFLUENCE
In this section, realistic meaning is given to the propagation parameters in the SVFR model. The SVFR model has two propagation parameters, λ and θ, which represent the attractiveness and influence of information respectively. In social networks, the expression of a title usually determines whether users click its link and view the content. The attractive title tends to cater to the psychologies, emotions and interests of The difference between first row and second row is the mean of λ, the mean of λ in the first row is 0.1 and that in the second row is 0.5. θ = 0.1 in each subgraph. Each subgraph is obtained by 10 4 independent realizations of the SVFR process on scale-free networks and 10 4 cascades are obtained in total. The horizontal axis in each subgraph is cascade size of the 10 4 cascades and the vertical axis is the frequency of each cascade size among the 10 4 cascades. The black dotted line is the cut-off which divides a bimodal distribution into a power-law part and a peak in the tail. The power-law part is fitted as the red dotted line and the slope is given in each subgraph. majority users, leading to the increased selective exposure to the information [35] , [36] and pageviews. This is the reason that lots of information generators prefer to create an attractive title. Analogously, users have a great possibility to share the information if the information have a great impact on others, after clicking the title and viewing the content.
In the SVFR model, attractiveness and influence are the attributes of information, for each disseminative information, the attributes are consistent for all users. Moreover, information disseminated in social networks shows diversity. To depict the diversity, in the model, we apply the well-known beta distribution [37] - [39] to model the distribution of the parameters λ and θ.
where
(α+β) , α and β are two positive shape parameters that control the shape of the distribution. We can calculate the mean µ and variance σ 2 of beta distribution as follows:
Beta distribution has some good features, which are useful for the description of γ and θ. (i) Beta distribution is defined on the interval [0, 1] and is suitable as a probabilistic description of random variables. (ii) It has a variety of distribution shape. We can obtain U-shaped, uniform, unimodal, J-shaped distributions by adjusting the parametrized shape parameters α and β. (iii) Beta distribution is a density function, VOLUME 6, 2018 The difference between first row and second row is the mean of θ, the mean of θ in the first row is 0.1 and that in the second row is 0.5. λ = 0.1 in each subgraph. Each subgraph is obtained by 10 4 independent realizations of the SVFR process on scale-free networks and 10 4 cascades are obtained in total. The horizontal axis in each subgraph is cascade size of the 10 4 cascades and the vertical axis is the frequency of each cascade size among the 10 4 cascades. The black dotted line is the cut-off which divides a bimodal distribution into a power-law part and a peak in the tail. The power-law part is fitted as the red dotted line and the slope is given in each subgraph.
it has been applied to model the behavior of random variables in a wide variety of disciplines. The beta distribution is widely used and has been applied to model the behavior of random variables limited to intervals of finite length in a wide variety of disciplines. In the description of random variables, the beta distribution shows an advantage over other distributions.
B. INFORMATION SOURCE
The information source refers to the root of the cascade. At the first step of information dissemination, an information source is selected as the description of the SVFR model. The selection strategy determines how the information source is generated. Usually the selection is random. With the popularity of social media, each user can be an information source, and the heterogeneity of users leads to the diversity of information sources. So the random distributed information sources will not be suitable for describing the diversity of information sources. In this paper, we put forward a strategy of information source selection and apply it to the SVFR model. In the selection strategy, the probability that a user becomes an information source is determined by the number of powers of the user's neighbors.
where d i is the degree of node i, and k is the power exponent of the degree. The greater the degree d i and the exponent k, the higher the probability of the node becomes an information source. 
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III. RESULT AND DISCUSSION
In this section, we carry out three sets of experiments based on the SVFR model. These three experiments explore the impact of the scale of attractiveness and influence, the variance of attractiveness and influence, and information sources on the cascade size distribution respectively. In the first two experiments, information source is selected at random (k = 0), and information source is selected according to the strategy in II-B. For each given exponent k and distribution of the parameters λ and θ, one hundred scale-free networks are generated independently with configuration model, and one hundred information is disseminated independently on each generated network according to the SVFR model. As a result, 10 4 cascades are obtained in total.
In the first experiment, the variances of the parameters λ and θ are zero, so for each pair of λ and θ, the disseminative information has the same attractiveness and influence. For each given pair of λ and θ, we calculate the size of 10 4 cascades and show the cascade size distribution in Fig.2 . When λ and θ are small (not too small, otherwise information will be hard to disseminate), the cascade size distribution presents a power-law distribution in log-log coordinates, as Fig.2(a) . With the increase of parameters λ or θ, the cascade size distribution gradually transforms to the bimodal distribution. A bimodal distribution is comprised of a power-law distribution in the small size and a peak in the tail. These two parts of the bimodal distribution can be divided by a cut-off. The change of cascade size distribution indicates that great attractiveness or influence can lead to widespread dissemination of information, although a small amount of information will disappear at the beginning of its production. Fig.2(b) and Fig.2(d) are the transitional states between power-law distribution and bimodal distribution.
To further explore the change of the characteristics of the cascade size distribution, we execute an experiment with one hundred pairs of the parameters λ and θ. Four statistics of the cascade size distribution are obtained, as shown in Fig.3 . Fig.3(a) is the mean value of cascade sizes for a given pair of the parameters λ and θ, reflecting the global trend of cascade size. With the increase of the parameters λ and θ, the mean value of the cascade sizes increases, meaning that information is disseminated more effectively. Fig.3(b) is the VOLUME 6, 2018 ratio between the amount of cascade sizes below the cut-off and the amount of all cascades. A cut-off divides the cascade size distribution into two parts. When λ = 0.1, θ = 0.1, the cascade size distribution follows a power-law distribution, and the value of cut-off is the maximum size of the cascade. So the ratio is 1. With the increase of the parameters λ and θ, the ratio gradually decreases to zero. In other words, the amount of cascade sizes below the cut-off is zero, and the cascade size distribution becomes a unimodal distribution. In Fig.2 , the change of cascade sizes greater than the cut-off is obvious. To reflect the trend of cascade sizes above the cut-off, the mean value of cascade sizes greater than the cut-off is shown as Fig.3(c) . The mean value of cascade sizes greater than the cut-off increases as the parameters λ and θ increase until all cascade sizes reach the maximum size of the network N .
From Fig.3(a)(b)(c) , we can find that the single increased parameter(λ or θ) leads to an increase in the statistics in Fig.3(a) and (c), and a decrease in Fig.3(b) . When λ or θ becomes larger gradually, the change is slight. Fig.2, Fig.3(b) , and Fig.3(c) suggest that the cascade size distribution changes from the power-law distribution to the bimodal distribution, and then to the unimodal distribution. At last, all of cascade sizes are equal to the maximum size of the network N . Fig.3(d) is the slope of the cascade size distribution below the cut-off. After fitting the part below the cut-off in log-log coordinates with the method in [34] , we obtain the slope for each given pair of the parameters λ and θ (cells with null label mean that the cascade size distribution below the cut-off cannot be fitted because there are too few data points to fit). The smallest slope is −3.50. The slope drops up to −3.50 and does not change with the increase of parameters λ and θ.
In the second experiment, we explore the cascade size distribution when the parameters λ and θ follow beta distribution respectively. Fig.4 shows the change of the cascade size distribution when λ follows beta distribution, and Fig.5 shows the variation of the cascade size distribution when θ follows beta distribution. In each figure, the parameters of the beta distribution are calculated according to the given mean and variance. With the increase of the mean of λ or θ, the cascade size distribution still follows a bimodal distribution. Furthermore, we can find that the variance of λ or θ has an effect on the tail of the cascade size distribution. With the increase of the variance of the parameters λ or θ, the tail of power-law distribution becomes fat-tail, and the peak of bimodal distribution in the tail becomes lower, leading to a gradual increase in the distribution slope of power-law part. The results explain why the cascade size distribution has a heavy tail.
In the third experiment, we explore the impact of the information sources on the cascade size distribution when λ = 0.1, θ = 0.1. Fig.6 shows how the cascade size distribution changes with the degree exponent k. The negative k means that nodes with a smaller degree are more likely to be the sources of information, and important nodes are more likely to be the sources of information when the k is positive. When k = 0, the selection of information source has nothing to do with the degree of nodes. Fig.6 shows that the small sizes of cascade will get less, and the inflection point appears when k gets larger. The cascade sizes follow a power-law distribution when the k is in the range of −1 to 1. Fig.7 shows the change of the mean value of cascade sizes and the slope of the cascade size distribution with the exponent k. The value of k is set in the range from −1 to 1 when the cascade sizes follow a power-law distribution. In Fig.7(a) , the mean value of cascade sizes is gradually increasing with the increase of k. This result indicates that it is difficult for users who have few online friends to disseminate information widely. In Fig.7(b) , when k is in the range of 0 and 1, the change of the slope of the cascade size distribution is minor, while the slope increases rapidly when the k increase from 0 to 1. The slope gets the minimum value at k = 0. The slope of the power-law distribution is the smallest when the information source is selected randomly. The cascade size distribution presents the power-law distribution with a smaller slope, which means that the generation of information tends to be random.
IV. CONCLUSION
In this paper, we examine the influencing factors of the information dissemination in the view of group cognitive computation. Attractiveness, influence, and information sources are analyzed through computational experiments based on the SVFR model. A beta function is introduced into attractiveness and influence when information disseminate in social networks. Meanwhile, according to the characteristics of information source distribution, a strategy is proposed to select an information source. Three experiments are conducted in this paper. The results of the cascade size distribution are illustrated in detail. Our findings quantitatively reveal the causality of cascade size power-law distribution from computational experiments, clarify the role of information attractiveness, influence, and information sources on the distribution of popularity in social networks.
The cascade size distribution is a key feature of the social network, characterizing the distribution of the popularity or prevalence of information disseminated in social networks. Plenty of researches have attempted to reveal the reasons for the cascaded size distribution by modeling and simulating the information dissemination process. In this paper, attractiveness, influence and information sources have an important influence on the cascade size distribution. Moreover, it is found that the dynamic of social network is of critical importance in the information dissemination [30] . Considering more detailed influencing factors of information dissemination helps to accurately reconstruct the information dissemination process.
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